Abstract-In this study, the application of signal coherence method for parametric representation and automatic classification of the respiratory sounds is investigated. Signal coherence is a measure of spectral stability of signals both in terms of amplitude and phase and it basically compares a mean spectrum of the signal which is assumed to be constant throughout the signal and the amount of variation around this mean spectrum.
I. INTRODUCTION
During the last two decades, much research has been carried out on computer-based respiratory sound analysis systems. However, respiratory sounds are highly nonstationary stochastic signals due to changing air flow rate, heart sounds and change in lung volume during a respiration cycle. This makes the analysis of the respiratory sounds a difficult task. Effective feature extraction is essential for reliable classification. A comprehensive review of previous work in the field of respiratory sound analysis over recent years is presented in [I, 2, 31. Many techniques have been used for parametric representation of respiratory sounds such as autoregressive analysis, linear prediction and wavelets.
In this work, the application of a new feature extraction method, called the signal coherence method is proposed for the analysis of the respiratory sounds [4] .
Signal coherence [SJ is a kind of measure that indicates the amount of random variation in each Fourier component of the signal. Variations in the characteristics of respiratory sounds may give distinctive information about their condition. The motivation of this work is to investigate whether discrimination between normal and abnormal respiratory sounds is possible by using signal coherence method. Mathematically, a discretetime signal is said to be periodic if it is defined as for all discrete time n and for some number L which is called the period as follows
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A . Signal Coherence
No natural mechanism can produce perfectly periodic waveforms, the variation firom period to period makes the signal-processing problem interesting. Since the signal exhibits a periodic like structure, one way of analyzing this signal is to decompose it into two components, one is deterministic with perfect periodicity and the other is random. The deterministic component may be extracted by averaging the frames of the signal. If the average frame is repeated M times, a finite discretstime periodic signal, which will be denoted by s[n] will be obtained. The remaining part of x[n] will be consequently a zero mean non-stationay process and will be denoted by u 
B. Respiratory Sounds
The respiratory sounds can be classified into two groups as breathing sounds and adventitious (abnormal) sounds.
The breath sound heard on the chest of healthy subjects is called the normal breath sound. The normal breath sounds are both inspiratory and expiratory. They occur when the air moves in and out of the chest during a regular breathing cycle.
Adventitious sounds are additional respiratory sounds on breath sounds. They occur unexpectedly during a regular breathing cycle. Considerable variability in the characteristic of the structure of respiratory sounds among individuals makes it sometimes difficult to be sure of the abnormality of a sound.
There are two major types of adventitious sounds: continuous adventitious sounds, namely, wheezes, rhonchi and stridor, and discontinuous adventitious sounds, namely, crackles and squawks [8]. The presence of adventitious sounds usually indicates a pulmonary disease.
RESPIRATORY SOUND CLASSIFICATION
The proposed respiratory sound classification system consists of three stages: (i) The feature extraction part which calculates the signal coherence values to represent the respiratory sounds; (ii) dimension reduction part which linearly maps the extracted features to a lower dimensional space; (iii) the detection part which is an Euclidean distance classifier, called the nearest mean classifier, being trained using the training data for each class.
The block diagram of the respiratory sound classification system is illustrated in Fig. 1 . In this study, the observation vector is a sampled segment from a recorded respiratory sound waveform.
The goal of feature extraction is to choose the features that are most effective for preserving class separability by transforming the observation vectors into a feasible representation without discarding vital information. By the procedure given in Section 11, a parametric representation of the respiratory sounds in terms of coherence values can be obtained. The original observation maps directly to a single point in N-dimensional feature space. The dimensionality of the feature space S unrelated to the dimensionality of source observation. Instead, it is simply the number of results generated by the feature extraction method used [9].
Respiration can be defined as the act of breathing. It includes all the processes that contribute to taking in oxygen (inhaling) and giving out carbon dioxide (exhaling).
Respiratory sounds are defined as all sounds related to respiration including breath sounds, adventitious sounds, cough sounds, snoring sounds, and sneezing sounds. Note that voiced sounds during breathing are not included in respiratory sounds [7, 81. Even though the dimensionality of the feature space may be large, there is only a finite amount of information contained in the acquired signal. High dimensionality makes pattern recognition problem difficult. Before the feature vector is applied to a classifier whose purpose is to partition feature space into class-labelled decision regions, feature reduction can be performed. In this study, feature reduction is realised by performing Principal Component Analysis (PCA) in which the statistics of the data are analysed to determine a set of orthogonal axes along which the data vary the most. After feature transformation, the reduced feature vector is passed to the classifier.
As shown in Fig.1 , the last process of the system is classification. It consists of assigning a class label to a set of unclassified test sounds. Classification typically involves two steps: (i) Learningphase where the system is trained on a set of data and the true (mean) feature vectors for each class are constructed (ii) Classification phase where for a given test signal, the feature vectors are computed and then used to classify the signal by computing the Euclidean distance fromthe mean vectors and assigning it to the class with the closest mean.
EXPERIMENTS AND RESULTS
In the respiratory sound analysis experiments, all pathological respiratory sounds were recorded with the subjects in a sitting position at Cerrahpasa Faculty of Istanbul University from two sites on the chest: left basilar (LB) and right basilar (RB). Airflow and ambient noise were simultaneously included with the respiratory sound measurements. However, no noise-cancellation was performed. Respiratory sounds were recorded from healthy subjects in a quiet room at Bogaziqi University. 9 normal subjects and 11 pathological subjects with different types of respiratory diseases were studied during the analysis. The characteristics due to sex, age, weight or any special conditions were not taken into consideration.
Two sound signals were recorded from locations on left and right basilar; inspiration and expiration cycles were synchronized with the flow signal and the sounds were amplified; then the sound signals as well as the flow signal were digitized at 6 kHz sampling rate. The duration of the recordings were about 13 seconds and included three to four respiration cycles.
Following the signal acquisition, both inspiration and expiration cycles of respiration were considered separately for the normal and pathological subjects. The signal coherence values calculated from the extracted segments form the feature vectors. Although the respiratory sounds are not periodic signals, it is assumed that the frequency at maximum power corresponds to the fundamental period. Thus, the largest peak in the power spectrum will be an estimate of either fundamental period or the period of its harmonic with largest energy.
By using the periods in terms of the number of samples, each respiration phase is segmented into frames of length corresponding to the period so that there is exactly one waveform in each frame. Since the signal coherence gives information about random variation in each Fourier component of the signal, this information will be used to establish decision boundaries in the feature space, which separate the respiratoy sounds belonging to the normal and abnormal classes.
The signal coherence is based on finding a mean frame with a specific length, thus irhe frame length estimation is of primary interest. The frame length can be computed by finding the location of the largest peak in the power spectrum estimate of the signal. The various spectrum estimation methods such as periodogram, Welch's, YuleWalker (YW) and the Burg's methods were used so that both nonparametric and parametric methods were considered. Before the calculation of the power spectrum, DC elimination from the digitized signal was carried out.
Once the largest peak is located, the signal coherence values can be estimated using the procedure given in Section 11.
The estimated signal coherence spectrum d abnormal subject which contains typical wheeze patterns for expiration cycle is illustra.ted in Fig.2 . Since the sound signal recorded from abnclrmal subject contains periodic components, the signal coherence method is able to find large coherence values.
The duration of each cycle from different subjects may be different and the results of the signal coherence may vary according to the calculated period, thus a normalization process was performed. Frame lengths of about 1400 satisfy a reasonable balance between the frequency resolution and the estimator accuracy. Normalization was made such that the frame length was chosen as the smaller but closest value to 1400. The number of coherence values corresponding to different frame lengths was interpolated to be 1400.
Classification performance was evaluated on 16 feature sets obtained from a single data recording, which differ in terms of the type of the respiration cycle (i.e. expiration or inspiration), the location of recording (i.e. LB or RB) or approach of spectrum estimation for determining the period.
Feature sets were first constructed for each phase according to the recording location. Then, for each of the respiration cycle recorded from the specified location, four approaches of period calculation are applied in order to find the period of the sound signal. A total of 50 normal expiration, 50 normal inspiration, 3 1 abnormal expiration and 3 1 abnormal inspiration cycles were available.
The feature sets were then classified by using nearest mean classifier with leave-one-out method. Performance of the classification method was measured by considering the true classification percentages. Table I gives given in Table I , it can be seen that better classification performance is achieved with features obtained from the expiration cycles. The results given in Table I are obtained without feature reduction. When a feature reduction was performed keeping 90 per cent of the energy, the true classification rates did not deteriorate considerable. Retaining 549 and 529 eigenvalues of the 4th and 7th cases, respectively, out of 1400 was sufficient to preserve the 90 per cent of the energy. In this study, the application of signal coherence method for parametric representation and automatic classification of the respiratory sounds is proposed. In order to evaluate the performance of the method, both healthy subjects and patients with various respiratory diseases are used. The performance of classification with the signal coherence was not as satisfactory as expected although definite frequency pattern differences exist between healthy and diseased respiratory sounds.
Due to the inherent sinusoidal structure of the wheezes, their analysis with the signal coherence function may be a promising application. 
